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Available online xxxxSoil properties such as soil organic carbon (SOC) stocks and active-layer thickness are used in earth system
models (ESMs) to predict anthropogenic and climatic impacts on soil carbon dynamics, future changes in atmo-
spheric greenhouse gas concentrations, and associated climate changes in the permafrost regions. Accurate rep-
resentation of spatial and vertical distribution of these soil properties in ESMs is a prerequisite for reducing
existing uncertainty in predicting carbon-climate feedbacks. We compared the spatial representation of SOC
stocks and active-layer thicknesses predicted by the coupled Model Intercomparison Project Phase 5 (CMIP5)
ESMs with those predicted from geospatial predictions, based on observation data for the state of Alaska, USA.
For the geospatial modeling, we used soil proﬁle observations (585 for SOC stocks and 153 for active-layer thick-
ness) and environmental variables (climate, topography, land cover, and surﬁcial geology types) and generated
ﬁne-resolution (50-m spatial resolution) predictions of SOC stocks (to 1-m depth) and active-layer thickness
across Alaska. We found large inter-quartile range (2.5–5.5 m) in predicted active-layer thickness of CMIP5
modeled results and small inter-quartile range (11.5–22 kgm−2) in predicted SOC stocks. The spatial coefﬁcient
of variability of active-layer thickness and SOC stocks were lower in CMIP5 predictions compared to our
geospatial estimates when gridded at similar spatial resolutions (24.7 compared to 30% and 29 compared to
38%, respectively). However, prediction errors, when calculated for independent validation sites, were several
times larger in ESM predictions compared to geospatial predictions. Primary factors leading to observed differ-
ences were (1) lack of spatial heterogeneity in ESM predictions, (2) differences in assumptions concerning envi-
ronmental controls, and (3) the absence of pedogenic processes in ESMmodel structures. Our results suggest that
efforts to incorporate these factors in ESMs should reduce current uncertainties associatedwith ESM predictions
of carbon-climate feedbacks.
© 2016 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).Keywords:
Spatial heterogeneity
Soil organic carbon
Active-layer thickness
Earth system model
Coupled Model Intercomparison Project Phase
5 (CMIP5)1. Introduction
The spatial heterogeneity of terrestrial land surfaces affects energy,
moisture, and greenhouse gas exchanges with the atmosphere. How-
ever, representing heterogeneity of soil properties and processes in
earth system models (ESMs) remains a critical scientiﬁc challenge
(Mishra and Riley, 2015). ESMs use soil properties such as soil organic
carbon (SOC) stocks and active-layer (AL) thickness to predict carbon-
climate feedbacks of permafrost affected regions. In permafrost affected
soils, AL is the top portion of soil column that freezes and thaws with
seasonal temperature changes in winter and summer (Zhang et al.,
2005). The AL thickness or depth is measured as the maximum depth
of thaw in any particular year. Accurate representation of spatial and
vertical heterogeneity of these soil properties in ESMs is a prerequisite. This is an open access article under
atial representation of organic
.doi.org/10.1016/j.geoderma.2for reducing existing uncertainty in predicting carbon-climate feed-
backs (Burke et al., 2012; Todd-Brown et al., 2013).
Perennially frozen soils of the northern circumpolar region store the
largest quantity of SOC in the terrestrial biosphere (Tarnocai et al., 2009;
Hugelius et al., 2014), primarily due to processes like cryoturbation,
peat formation, and sedimentation of windblown and waterborne silt
particles (e.g., Ping et al., 1998; Tarnocai and Stolbovoy, 2006;
Schirrmeister et al., 2011; Ping et al., 2011; and Strauss et al., 2012). Antic-
ipated increase in atmospheric temperature of these regions may cause
widespread permafrost thaw leading to remobilization of previously fro-
zen SOC pools (Schuur and Abbott, 2011; Ping et al., 2015). Consequent
releases of greenhouse gases could cause a positive feedback to Earth's at-
mosphere resulting into further warming (Schaefer et al., 2011). At pres-
ent, substantial difference exists between observation based SOC stock
estimates and ESM baseline SOC stock estimates that are used in
predicting future carbon-climate feedbacks (Mishra et al., 2013). As the
soil carbon dynamics due to land use and climate change depend mainly
on themagnitude of baseline SOC (Bellamyet al., 2005; Todd-Brownet al.,the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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2 U. Mishra et al. / Geoderma xxx (2016) xxx–xxx2013), ESMs predict very large ranges in SOC losses from permafrost
under future warming scenarios (25–85 Pg C by 2100) which results in
large uncertainty for predicting carbon-climate feedbacks from climate
warming in the permafrost regions (Koven et al., 2011).
Active-layer thicknesses of permafrost affected land surface deter-
mines the volume of SOC susceptible to decomposition and thermal ero-
sion, and are being used in ESMs to predict carbon-climate feedbacks of
permafrost regions (Koven et al., 2013a). The surface temperature in-
creases have been linked to increased AL thickness and decreased per-
mafrost extent (Zhang et al., 2005; Jorgenson et al., 2010). Permafrost
temperatures have increased in most regions since the early 1980s,
and the observed warming was between 2 and 3 °C in parts of the
Northern circumpolar region from 1971 to 2010. By 2100, the global
mean temperature could increase by 2.6–4.8 °C (IPCC, 2013). The extent
and thickness of permafrost at high northern latitudes will be reduced
in response to the global mean surface temperature increases. By the
end of the 21st century, the extent of the land area containing shallow
permafrost (permafrost found in the upper 3.5 m of the soil proﬁle) is
projected to decrease between 37% (RCP2.6) to 81% (RCP8.5) (IPCC,
2013). The increase in temperature predicted by 2100 in high-latitude
regions could deepen the AL thickness, thereby moving SOC into the
AL where it may become more susceptible to microbial decomposition
and thermal erosion.
Earth systemmodels are used to predict the response of land surface
(including arctic ecosystems) under future climate change. By integrat-
ing vegetation and surface energy balance with soil properties (e.g. tex-
ture) and processes (e.g. SOC turn over), ESMs can estimate the carbon-
climate feedbacks under future warming at global scales. Recent earth
system modeling studies (Lawrence and Slater, 2005; Schaefer et al.,
2011; MacDougall et al., 2012; Schneider von Deimling et al., 2012;
Koven et al., 2013a) have predicted spatial variability of SOC stocks
and AL thickness across Alaska and the Northern Hemisphere at coarse
spatial resolutions (N100 km), and have demonstrated large variability
between models. Therefore, the Coupled (i.e., interactive two-way cou-
pling between the land and atmosphere) Model Intercomparison Pro-
ject Phase 5 (CMIP5) model simulation experiments were designed to
examine and compare the behavior of state-of-the-art ESMs (Taylor
et al., 2009; Reichstein et al., 2013). The results from these CMIP5
models are being used in the current Intergovernmental Panel on Cli-
mate Change (IPCC) ﬁfth assessment report. At present large uncer-
tainties exist in predicting carbon-climate feedbacks of permafrost
regions using these ESMs (IPCC, 2013; Fisher et al., 2014). Among
other factors distribution of SOC stocks and AL thickness contribute to
a signiﬁcant portion of the predicted uncertainty (Burke et al., 2012;
Koven et al., 2013a). Therefore, there is a critical need to create observa-
tion based geospatial datasets that is consistent with the existing land-
scape heterogeneity and use them as benchmarks to constrain model
projections, provide quantitative errors on these estimates, and im-
prove upon the existing mechanisms represented in ESMs.
In this study, our objectivewas to evaluate the spatial representation
of SOC stocks and AL thickness that are being used to predict the carbon
climate feedbacks in current CMIP5 ESMs. Speciﬁc objectives were to (i)
generate ﬁne-resolution (50-m) estimates of SOC stocks and AL thick-
ness across Alaska using soil proﬁle observations and secondary infor-
mation of soil forming factors (environmental factors), and (ii)
compare the spatial heterogeneity representations in these predictions
with those projected in the CMIP5 ESMs.
2. Materials and methods
2.1. Study area, soil proﬁle observations, and environmental datasets
We chose the state of Alaska, USA, for this study as this part of the
northern circumpolar permafrost region has the highest data intensity
(both soil observations and environmental datasets). We used 585
georeferenced soil proﬁle observations from a recently publishedPlease cite this article as:Mishra, U., et al., Spatial representation of organic
system models, Geoderma (2016), http://dx.doi.org/10.1016/j.geoderma.2database (Michaelson et al., 2013) to predict the SOC stocks to 1-m
depth (Fig. 1a). This database updated the USDA-National Cooperative
Soil Survey data for Alaska and combined it with data collected by the
University of Alaska Fairbanks Northern Latitudes Soils Program from
1991 through 2011. In this database, 153 samples reported AL thickness
(Fig. 1c). Out of 153, AL thickness of 59 samples were measured by dig-
ging soil proﬁles andmeasuring the depth to the permanently frozen por-
tion of the soil proﬁle, and in the other 94 samples AL thickness was
calculated as depth to soil horizons with permanently frozen layers as in-
dicated by ‘f’ sufﬁx, such as Cf, Cgf, and Bgf (Mishra and Riley, 2012, 2014;
Ping et al., 2013; Soil Survey Staff, 2014) of the soil proﬁle.
We used a digital elevationmodel of 50-m spatial resolution from the
U.S. Geological Survey (USGS) database (Gesch et al., 2009). The elevation
of the study area ranged from sea level to 6188 m. High-elevation areas
are located in the southeastern part of Alaska, and low-elevation areas
are located in the western and northern parts of Alaska. We derived sev-
eral primary and secondary topographic attributes and evaluated their
use in predicting SOC stocks and AL thickness. These topographic attri-
butes included elevation, slope, aspect, curvature (plan, proﬁle, and
total), upslope contributing area, ﬂow length, soil wetness index, sedi-
ment transport index, stream power index, terrain characterization
index, and slope aspect index (Thompson et al., 2006). Land cover data
of 60-m spatial resolution were extracted for Alaska from the National
Land Cover Database (Homer et al., 2007). We reclassiﬁed the NLCD
land cover types into nine major categories. The largest land area was
under the scrub (shrub b 5 m tall) category (43%), followed by forest
(25%), barren (8.5%), herbaceous (7%), andwetlands (7%). The remaining
surface area (9.5%) was under open water, perennial ice, cultivated, and
developed categories. Long–term climate data (1961–1990) for average
annual temperature, precipitation, potential evapotranspiration (PET),
and summer shortwave radiation were obtained from the Scenario Net-
work for Alaska andArctic Planning (SNAP, 2014) database. Across Alaska
the mean annual air temperature and mean annual precipitation ranged
from−18 °C to 6 °C and 150 mm to 8500 mm, respectively. Average an-
nual (1981–2000) net primary productivity data was collected from the
Global Land Cover Facility of University of Maryland database (Prince
and Goward, 1995). The surface geology data of Alaska was obtained
from a USGS database (Karlstrom, 1964; scale 1:1,584,000) in which the
entire state of Alaska was classiﬁed into 27 different types of surﬁcial ge-
ology. The categorywith the largest land areawasmountain alluviumand
colluvium (22.5%), followed by coarse rubble (19%), coastal alluvium
(8.5%), glacial moraine (7%), and undifferentiated mosaics (6%). The re-
maining land area (37%)was placed in the remaining 22 surﬁcial geology
types. Indicator variables for the presence or absence of land cover types
and surﬁcial geology were created and used in the model selection pro-
cess. All the environmental datasets were resampled to a common spatial
resolution of 50 m by using the resample function of ArcGIS (ArcGIS ver-
sion 10, Environmental Systems Research Institute, Inc., Redlands, CA,
USA).
2.2. Geospatial predictions of SOC stocks and active-layer thickness
Several spatial prediction techniques exist in soil science literature
(Minasny et al., 2013). We chose geographically weighted regression
(GWR)approach for this study as this approach is relatively easy to imple-
ment and has been reported to produce better or similar prediction accu-
racy in comparison to other prediction techniques such as ordinary least
square regression, inverse distance weighted, ordinary kriging, and re-
gression kriging (Mishra et al., 2010; Zhang et al., 2011). Further GWRap-
proach allowed us to evaluate environmental controls of investigated soil
properties which changes across space in a large study area like ours. We
used best subset regression in SAS 9.3 (SAS Institute, 2011) to generate all
possible combinations of environmental controllers to predict both the
SOC stocks and AL thickness across Alaska. First, we usedMallows' Cp cri-
terion to select three candidate linear models for each soil property for
which Cp values were close to the number of predictors (Kutner et al.,carbon and active-layer thickness of high latitude soils in CMIP5 earth
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Fig. 1. Spatial and statistical distributions of soil organic carbon (SOC) stock (a, b), and active-layer (AL) thickness (c, d) samples across Alaska.
3U. Mishra et al. / Geoderma xxx (2016) xxx–xxx2004; p. 358). Next, we selected one of the candidate linear models for
each SOC stock andAL thicknesswith uncorrelated and statistically signif-
icant environmental predictors. The selected environmental predictors
were then used in a geographicallyweighted regression (GWR) approach
(Mishra and Riley, 2012, 2014) to predict the soil properties across
Alaska:
S ui; við Þ ¼ βo ui; við Þ þ∑
p
i¼1
βk ui; við ÞXk þ ε ui; vi:ð Þ
where S is the soil property at a certain location, ui ,vi are the geographical
coordinates, Xk are the environmental predictors, p is the number of in-
dependent variables, βo and βk are the geographically weighted regres-
sion coefﬁcients, and ε is the error term. We used adaptive kernelTable 1
Geographically weighted regression model summary for log-transformed soil organic carbon s
Predictor Minimum Lower quartile
Intercept 2.60 2.65
Elevation −0.00067 −0.00063
Aspect 0.00020 0.00040
Temperature −0.10 −0.099
Potential evapotranspiration 0.028 0.068
Mountain alluvium & colluvium 0.088 0.14
Barren land cover −2.36 −0.63
Please cite this article as:Mishra, U., et al., Spatial representation of organic
system models, Geoderma (2016), http://dx.doi.org/10.1016/j.geoderma.2bandwidth in this study, given that the sample density varied over the
study area. The optimal bandwidth was determined by minimizing the
corrected Akaike Information Criterion (AICc) as described in
Fotheringham et al. (2002). Table 1 shows the ﬁtted geographically
weighted regression model summary for log transformed SOC stocks to
1-m depth interval. We used the results of Mishra and Riley (2014) for
AL thickness because no new samples of AL thickness were available to
us to conduct a new analysis.2.3. Spatial uncertainty estimation
We used an empirical approach of uncertainty estimation to gener-
ate spatially heterogeneous estimates of uncertainty for SOC stockstocks to 1-m depth (model calibration R2 = 0.10–0.48).
Median Upper quartile Maximum
2.72 2.84 3.42
−0.00053 −0.00040 −0.00011
0.00060 0.00072 0.00097
−0.081 −0.031 −0.015
0.112 0.135 0.15
0.20 0.26 0.49
−0.60 −0.58 −0.51
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modeled outputs and corresponding observed values of model calibra-
tion data were used to generate prediction intervals (Shrestha and
Solomatine, 2006; Malone et al., 2011). Environmental covariates
were partitioned into n clusters using fuzzy k-means clustering algo-
rithm (Minasny andMcBratney, 2002). For SOC stocks, the environmen-
tal covariates include elevation, aspect, temperature, potential
evapotranspiration, land cover type, and surﬁcial geology; and mean
surface air temperature, land cover type, and slope gradient were the
environmental covariates used in clustering for AL thickness. In order
to ﬁnd the optimal values for thenumber of clusters and fuzziness expo-
nent values, the fuzzy k-means clustering was performed iteratively
with a cluster size of 2 through 10, and the resulting fuzziness perfor-
mance index and the normalization classiﬁcation entropy values were
observed. The class number that minimizes fuzziness performance
index and normalization classiﬁcation entropy was considered opti-
mum (Odeh et al., 1992). The fuzziness exponent value was set for
1.35 as suggested by Odeh et al. (1992). The optimal cluster size for
the given environmental was found to be 5, for both SOC stocks and
AL thickness.
After identifying the clusters that each calibration site belongs on the
basis of highest membership value, the lower and upper prediction in-
tervals (PICiL and PICiU, respectively) for each cluster were computed
from empirical distributions of residuals within each cluster. To gener-
ate 95% prediction interval for each cluster we used lower 2.5% and
upper 97.5% percentile values from the empirical distribution of resid-
uals in each cluster. The following procedure of Shrestha and
Solomatine (2006) was followed to calculate the upper and lower pre-
diction interval of each location:
PILi ¼∑
c
j¼1
mijPIC
L
j
PIUi ¼∑
c
j¼1
mijPIC
U
j
where PIiL and PIiU are theweighted lower and upper prediction intervals
for the i-th observation, PICjL and PICjUare the lower and upper prediction
intervals for the j-th cluster, andmij themembership grade of i-th obser-
vation to cluster j. The lower and upper prediction limits were then es-
timated for each observation by using following equations:
PLLi ¼ Pri þ PILi
PLUi ¼ Pri þ PIUi
where PLiL and PLiU are the lower and upper prediction limits of the i-th
observation, respectively, and Pri is the model prediction at the i-th
observation.
For ESM predictions, we generated uncertainty estimates (95% con-
ﬁdence intervals) by using four ESM model predictions (Table 2).
2.4. Comparing observation-based predictions with ESM predictions
We compared geospatial predictions of SOC stocks and AL thickness
distribution across Alaskawith predictions from four coupled ESMs thatTable 2
Four Coupled Model Intercomparison Project Phase 5 (CMIP5) earth system model outputs an
Models Average AL thickness (m) Average SOC stocks (kg m−2) Spatial resol
(km)
BCC-CSM1-1 3.36 ± 0.4 8.4 ± 2 295
CanESM2 3.9 ± 0.8 32 ± 8.8 211
GFDL-ESM2G 3.9 ± 4.4 12.3 ± 3.5 131
MIROC-ESM 12 ± 4.6 20.5 ± 9.8 158
Please cite this article as:Mishra, U., et al., Spatial representation of organic
system models, Geoderma (2016), http://dx.doi.org/10.1016/j.geoderma.2contributed to the CMIP5 database (Taylor et al., 2009). We chose four
ESMs that captured the range of spatial resolutions of ESM projections
(158–295 km): Japan Agency for Marine-Earth Science and Technology
(MIROC-ESM; 158 km), Geophysical Fluid Dynamics Laboratory Earth
System Model with GOLD Ocean Component (GFDL-ESM2G; 184 km),
Canadian Earth System Model version 2 (CanESM2; 211 km), and Bei-
jing Climate Center Climate System Model version 1-1 (BCC-CSM1-1;
295 km) (Table 2).
For comparison between observation-based and the CMIP5 ESM
predictions, we calculated several statistical parameters of soil proper-
ties such as median, inter-quartile range, and coefﬁcient of variability,
from both observation-based and CMIP5 ESMpredictions.We also eval-
uated prediction accuracy of both GWR and ESM predictions using 62
independent validation sites for SOC stocks and 34 sites for AL thickness
obtained from the circumpolar AL monitoring network data (Brown
et al., 2000; CALM, 2013) data. Predicted values of SOC stocks and AL
thickness were extracted at validation sites from both GWR and ESM
predictions and interpreted by calculating mean estimation error
(MEE), root mean square error (RMSE), and ratio of performance to de-
viation values (Chang and Laird, 2002). Chang and Laird (2002) deﬁned
three classes of ratio of performance to deviation;models that have high
predictive ability (ratio of performance to deviation N 2), models that
have intermediate predictive ability which can be possibly improved
(ratio of performance to deviation between 1.4 and 2), and models
that have no predictive ability (ratio of performance to
deviation b 1.4). Comparisons of coefﬁcient of variability of soil proper-
ties were made by gridding the predicted soil properties at the same
spatial resolutions as that of generated by ESM predictions.
3. Results
3.1. Descriptive statistics of observations
The average SOC stock to 1-m depth across 585 samples was
41.4 kg m−2, ranging from 0.38 to 228 kg m−2. The SOC stocks showed
unimodal (kurtosis = 6.1), and a positively skewed (skewness = 1.8)
distribution (Fig. 1b). Majority of SOC samples (69% samples) showed
SOC stocks b50 kg m−2, about 4% samples had N100 kg m−2, and rest
(~27%) had SOC stocks in between 50 and 100 kg m−2. High observed
SOC stocks were found in forest, wetlands, and herbaceous land cover
types. These observations were associated with low elevation (32
-b200m), andhighpotential evapotranspirationvalues (N12mmday−-
1). Low observed SOC stocks were found in barren, scrub, and cultivated
land cover types. These observations were associated with high eleva-
tion (200–1500 m) and low potential evapotranspiration values
(0.5–b10 mm day−1).
The average AL thickness across the 153 permafrost samples was
0.49 m, ranging from 0.16 to 1.27 m. AL thickness showed unimodal
(kurtosis = 2), and close to normal distribution (coefﬁcient of skew-
ness= 1.23) (Fig. 1d). Out of all AL thickness observations, 54% of sam-
ples showed b0.5mAL thickness, 4 samples had N1mAL thickness, and
rest (~42%) showed 0.5–1 m Al thickness. Low AL thickness observa-
tions were found in low elevation (b30m) and in herbaceous and wet-
land land cover types. High AL thickness observations were located in
relatively higher elevation (N150 m), and in barren, forest, and scrub
land cover types. Though the samples were unequally distributedd their soil properties used for comparison across Alaska.
ution Modeling groups References
Beijing Climate Center Ji, 1995
Canadian Earth System Model Verseghy, 1991
Geophysical Fluid Dynamics Laboratory Dunne et al., 2012
Japan Agency for Marine-Earth Science and Technology Takata et al., 2003
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Table 3
Geographicallyweighted regression predicted average and coefﬁcient of variability (CV) of active-layer thickness and soil organic carbon (SOC) stocks across different ecoregions of Alaska.
Ecoregions Average active-layer thickness CV active-layer thickness Average SOC stocks CV SOC stocks
Bering Taiga 48.0 35.8 28.6 11.7
Aleutian Meadows 0.0 29.0 26.7
Alaska Range Transition 40.0 47.7 21.0 31.6
Coastal Rainforests 0.0 32.0 48.0
Arctic Tundra 28.3 28.5 36.3 34.1
Bering Tundra 44.2 10.2 30.6 14.9
Paciﬁc Mountain Transition 52.5 5.6 20.4 13.6
Intermontane Boreal 47.8 13.6 24.0 16.1
Coastal Mountain Transition 42.2 20.8 15.2 40.2
5U. Mishra et al. / Geoderma xxx (2016) xxx–xxxthrough Alaska, they captured awide range of environmental heteroge-
neity including; all 27 major land resource areas, and all soil taxonomic
units (18) of Alaska at soil suborder level.
3.2. Spatial heterogeneity of predicted SOC stocks and active-layer thickness
Predicted SOC stocks to 1-m depth showed high spatial variability
(coefﬁcient of variability = 41%), ranging from 2 to 72 kg m−2 with
an average across Alaska of 28 kg m−2. We are 95% conﬁdent that the
true average Alaska SOC stock is between 26 and 30 kgm−2. Among dif-
ferent ecoregions, Arctic Tundra showed highest amount of SOC stocks
(36 kg m−2, with lower and upper prediction intervals of 34 and
38 kg m−2 respectively), followed by Coastal Rainforests (32 kg m−2,
with lower and upper prediction intervals of 31 and 34 kg m−2 respec-
tively), and Bering Tundra (30 kgm−2, with lower and upper prediction
intervals of 28 and 32 kgm−2 respectively). AleutianMeadows and Be-
ring Taiga had similar levels of average SOC stocks (~29 kg m−2, withFig. 2. Spatial distribution of soil organic carbon stocks to 1-m depth predicted by geographicall
comparison to average SOC stock represented in four CMIP5 ESMs (e) with its lower (d) and u
Please cite this article as:Mishra, U., et al., Spatial representation of organic
system models, Geoderma (2016), http://dx.doi.org/10.1016/j.geoderma.2lower and upper prediction intervals of 27 and 30 kgm−2 respectively).
Lowest amount of SOC stocks (15 kgm−2, with lower and upper predic-
tion intervals of 13 and 17 kg m−2 respectively) were predicted in
Coastal Mountain Transition ecoregion (Table 3). On average our ap-
proach under-predicted Alaskan SOC stocks by 6 kg m−2
(MEE = −6 kg m−2). The average prediction error (RMSE) was
27 kg m−2, and the observed ratio of performance to deviation was
1.2, indicating our approach has a moderate predictive ability for SOC
stocks (Chang and Laird, 2002; Gomez et al., 2008). The validation
data showed that our approach predicted 47% of the observed variance
of Alaskan SOC stocks (model validation R2 = 0.47). Higher prediction
errors were primarily due to our approach substantially under-
predicting the observed SOC stocks at 7 validation sites having SOC
stocks N100 kg m−2. Our approach predicted less than half of the ob-
served SOC stocks at these sites.
The predicted average AL thickness across Alaska was 0.46 m, rang-
ing from 0.14–0.93 m. We are 95% conﬁdent that the true averageyweighted regression approach (b) with its lower (a) and upper (c) prediction intervals in
pper (f) conﬁdence intervals.
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6 U. Mishra et al. / Geoderma xxx (2016) xxx–xxxAlaska AL thickness is between 0.42 and 0.49m. Consistent with expec-
tations the average AL thickness increased from north to south with the
lowest values at Arctic Tundra (0.28m,with lower and upper prediction
intervals of 0.26 and 0.30 m respectively), and the highest values at Pa-
ciﬁc Mountain Transition and lowlands of the Bering Taiga ecoregion
(Table 3). On an average our approach under-predicted the AL thickness
by 3.6 cm (MEE=−0.036m). The average error of AL thickness predic-
tion (RMSE) compared to the CALM observations was 0.11 m, and the
observed ratio of performance to deviation of predicted map was 1.8.
These global validation indices showed good prediction accuracy for
AL thickness across the state (Chang and Laird, 2002). Among different
ecoregions, lowest AL thicknesswas found in Arctic Tundra, followed by
Alaska Range Transition (0.40m,with lower andupper prediction inter-
vals of 0.26 and 0.30 m respectively), and Coastal Mountain Transition
(0.42 m). Intermontane Boreal and Bering Taiga had similar AL thick-
ness (~0.48 m, with lower and upper prediction intervals of 0.47 and
0.49 m respectively), and highest AL thickness (0.53 m, with lower
and upper prediction intervals of 0.50 and 0.55m respectively)was pre-
dicted in Paciﬁc Mountain Transition ecoregion.
3.3. Comparing spatial heterogeneity and prediction accuracy of soil prop-
erties with CMIP5 ESM predictions
The average coefﬁcient of variability of SOC stocks represented in ESM
predictions was 30% in comparison to 38% in GWR prediction when
gridded at same spatial resolutions. The average interquartile range of
SOC stocks across ESM models ranged from 11.5–22 kg m−2 with a me-
dian of 19.7 kg m−2(Fig. 2d,e,f). Where as in GWR predictions, the inter-
quartile range of SOC stocks was 22.2–31.6with amedian of 26.7 kgm−2
(Fig. 2a,b,c). The ESM models under-predicted Alaskan SOC stocks
(MEE = −25.5 kg m−2) in comparison to GWR predictionFig. 3. Spatial distribution of active-layer thickness (b; adopted from Mishra and Riley, 2014) w
thickness represented in four CMIP5 ESMs (e) with its lower (d) and upper (f) conﬁdence inte
Please cite this article as:Mishra, U., et al., Spatial representation of organic
system models, Geoderma (2016), http://dx.doi.org/10.1016/j.geoderma.2(MEE =−6 kg m−2).The average error of prediction (RMSE) was sub-
stantially higher in ESM predictions (42 kg m−2) in comparison to GWR
prediction (27 kg m−2). The overall predictive ability of SOC stocks was
low (ratio of performance to deviation = 0.71) in ESMs compared to
the moderate predictive ability of GWR predicted map (ratio of perfor-
mance to deviation = 1.2).
The average interquartile range of AL thickness across CMIP5
ESM model predictions ranged from 2.5 to 5.5 m, with a median
of 5 m (Fig. 3d,e,f). In GWR prediction, the median AL thickness
was 0.45 m and the interquartile range was 0.35 to 0.56 m
(Fig. 3a,b,c). The average coefﬁcient of variability of AL thickness
in ESM predictions was 24.7% compared to 30% in GWR predictions
when gridded at same spatial resolutions. The prediction errors
were substantially higher in ESM predictions. Across Alaska,
CMIP5 models over-predicted AL thickness by 4.6 m (MEE =
4.6 m). The average error of prediction was 5 m (RMSE = 5 m),
and the ratio of performance to deviation was 0.28. In contrast,
GWR results under-predicted AL thickness by 0.04 m
(MEE = −0.04 m), and the average prediction error across Alaska
was 0.11 m. Likewise, the RPDwas 1.8, an indicative of good predic-
tion accuracy.
4. Discussion
Our estimates of SOC stocks are comparable to previous estimates of
Alaskan carbon stocks. For example, Ping et al. (2008) reported Arctic
SOC stocks to 1-m depth interval to be 35 kg m−2 in comparison to our
estimate of 36 kgm−2. Johnson et al. (2011) reported average SOC stocks
to 1-m depth of 44 kg m−2, 14 kg m−2, 26 kg m−2, and 25 kg m−2 for
Arctic Tundra, Intermontane Boreal, Alaska Range Transition, and coastal
rainforest ecoregions, respectively. In a recent northern circumpolarith its lower (a) and upper (c) prediction intervals in comparison to average active-layer
rvals. Areas in white show no active-layer thickness.
carbon and active-layer thickness of high latitude soils in CMIP5 earth
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7U. Mishra et al. / Geoderma xxx (2016) xxx–xxxstudy, Hugelius et al. (2014) reported average Alaskan SOC stocks of
21 kg m−2 in comparison to our estimate of 28 kg m−2. Hugelius et al.
(2014) reported SOC stocks of 32 kg m−2, 18 kg m−2, and 17 kg m−2
in Arctic Tundra, Intermontane Boreal, and Alaska Range Transition
ecoregions respectively. Our estimates are within the range of these pre-
vious estimates.
In this study, we did not intend to compare various spatial pre-
diction techniques. GWR approach that we used allowed us to in-
vestigate spatially variable environmental controls in our study
area. We observed modest predictive capability of generated
maps of SOC stocks and AL thickness (ratio of performance to devi-
ation = 1.2 for SOC stocks and 1.8 for AL thickness) against the val-
idation data (which were not used in the model development),
therefore we consider the GWR predicted soil properties presented
in this study to be a ﬁrst step in the development of our method
which will beneﬁt from more observations as they become avail-
able across the topographic, edaphic, and climatic gradients across
Alaska and northern circumpolar region. As the sampling density
increases, GWR models could be calibrated at smaller spatial scalesFig. 4. Observation-based GWR predictions of soil organic carbon stocks (a) and active-layer th
median predictions and error bars represent inter-quartile range.
Please cite this article as:Mishra, U., et al., Spatial representation of organic
system models, Geoderma (2016), http://dx.doi.org/10.1016/j.geoderma.2across the study area which could increase our ability to better rep-
resent the spatial variability. Predictive performance of GWR ap-
proach can be improved when the inﬂuences of various arctic
environmental controllers on soil properties are better under-
stood. Lower predicted coefﬁcient of variability (36% for SOC stocks
and 30% for AL thickness) in comparison to the observed values
(71% for SOC stocks and 62% for AL thickness) likely indicate the
impact of other environmental factors not included in our analysis,
such as cryopedogenic features (Ping et al., 2015) speciﬁc to per-
mafrost region soils (e.g., high and low centered polygons, pingos,
frost boils), organic layer thickness (Pastick et al., 2014), and ﬁre
intensity and variability (Hu et al., 2010). Geospatial datasets of
these potentially important factors are not currently available
now, so we could not use them in our spatial prediction approach.
Their use in geospatial predictions of soil properties should be
evaluated once they become available. Problems of local
multicollinearity might be observed when there is a large area
with the same value of independent categorical variable (Zhang
et al., 2011). Some environmental relationships may appear toickness (b) compared to four CMIP5 ESM predictions across Alaska. Black dot represents
carbon and active-layer thickness of high latitude soils in CMIP5 earth
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ent environmental variables which are not accounted in this ap-
proach (Jetz et al., 2005).
The CMIP5 ESM predictions we evaluated in this study show
that the SOC stocks increased from north to south across Alaska.
These results showed opposite trend in SOC stocks variability of
what we predicted using GWR approach (Fig. 2a). One reason be-
hind ESM predictions could be that they predict SOC stocks as a
function of net primary productivity (Todd-Brown et al., 2013),
which is not consistent with observations from Alaska. Our results
suggest other environmental factors such as elevation, aspect, tem-
perature, potential evapotranspiration, land cover type, and surﬁ-
cial geology were predictors of SOC stocks, and net primary
productivity was not a statistically signiﬁcant predictor of SOC
stocks across Alaska. Our results demonstrate that the SOC stocks
of Alaskan soils can't be predicted using current levels of net pri-
mary productivity as the permafrost affected soils are not in equi-
librium with current levels of net primary productivity and
respiration rates (Mishra et al., 2013). We observed different pat-
terns in AL thickness representation in ESM results. Of the ESM re-
sults evaluated in this study, BCC-CSM1, CanESM2, and MIROC-
ESM had only two values across Alaska. The GFDL-ESM2G results
showed greater variability and the median value of the modeled re-
sult was closer to our observed results (Fig. 3b).
Our results suggest current ESMs substantially over-predict
current AL thickness and under-predict SOC stocks across Alaska.
Both observations are indicative of potential biases in predicting
future carbon-climate feedbacks. For example, higher AL thickness
indicates higher volume of SOC susceptible of microbial decompo-
sition and thermal erosion. Similarly, lower SOC stock estimates in
ESMs are indicative of potentially low greenhouse gas emissions
under future warming scenarios. The geospatial approaches used
in this study considered the impacts of surface air temperature,
land cover types, and topographic attributes to predict AL thick-
ness, and temperature, land cover types, topographic attributes,
and surﬁcial geology to predict SOC stocks. Current land models
of ESMs use net primary productivity and respiration to predict
SOC stocks (Todd-Brown et al., 2013), similarly ESMs use mean an-
nual air temperature as the primary controller of AL thickness
(Koven et al., 2013a). Our results suggest ESMs should include ad-
ditional arctic processes and better model parameterizations such
that they can incorporate environmental controls driving active
layer thickness (e.g. depth and timing of snowmelt, ice content,
microtopography, priming effects, soil mineralization, land cover
change, and organic matter thermal insulation) that are responsi-
ble for permafrost thaw and SOC turnover to make ESM predictions
consistent with the observations.
ESMs are not only increasing in spatial resolution, but many are
also starting to include subgrid spatial heterogeneity that can cap-
ture small scale variations in carbon and nitrogen cycling, hydrol-
ogy, vegetation, and radiation. For example, modeling approaches
that resolve hydrologic ﬂow around arctic polygons are available
(Pau et al., 2014) for ESMs. In addition, with several arctic ﬁeld
campaigns increasing the quantity and quality of available data,
focus on model development to improve representation and pro-
cesses governing arctic ecosystems has increased signiﬁcantly.
For example, the century-type vertical proﬁle of carbon and nitro-
gen cycling added to community land model (Koven et al., 2013b)
substantially improved the carbon storage in arctic ecosystems in
community land model. Explicit microbial representation has in-
creased SOC storage in community land model (Wieder et al.,
2013), despite these efforts, the spatial heterogeneity representa-
tion has not improved. With the advancement in model develop-
ment, as ESMs come closer to accurately simulating carbon cycle
feedbacks in the arctic, our geospatial approach can help model de-
velopment as a target to guide model activities and encompassingPlease cite this article as:Mishra, U., et al., Spatial representation of organic
system models, Geoderma (2016), http://dx.doi.org/10.1016/j.geoderma.2new data as it becomes available ensuring an accurate benchmark
of SOC stocks and AL thickness (see Fig. 4).
5. Summary and conclusions
Projections of soil properties (AL thickness and SOC stocks) by
CMIP5 Earth systemmodels had lower coefﬁcients of variation, different
range, and larger prediction errors compared to geospatial predictions.
Mean surface air temperature, land cover type, and slope gradient
were primary controllers of active-layer thickness spatial variability
(Mishra and Riley, 2014). Environmental controllers of SOC stocks
were topographic attributes, temperature, potential evapotranspiration,
land cover, and surﬁcial geology. Primary factors leading to observed
differences in spatial heterogeneity and prediction errors between
ESMs and geospatial predictions were differences in assumptions
concerning environmental controls, lack of spatial heterogeneity in
ESM predictions, and the absence of pedogenic processes in ESM
model structures. As ESM resolution increases and important ecosystem
processes are added to include critical soil dynamics in the arctic, our
study provides a spatial benchmark to evaluate ESM outputs of perma-
frost affected systems. This could potentially help to reduce uncer-
tainties and improve the capability of models to predict carbon-
climate feedbacks of permafrost systems.
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